Objective. To conduct an updated assessment of the validity and reliability of administrative coded data (ACD) in identifying hospital-acquired infections (HAIs). Methods. We systematically searched three libraries for studies on ACD detecting HAIs compared to manual chart review. Meta-analyses were conducted for prosthetic and nonprosthetic surgical site infections (SSIs), Clostridium difficile infections (CDIs), ventilator-associated pneumonias/events (VAPs/VAEs) and non-VAPs/VAEs, catheter-associated urinary tract infections (CAUTIs), and central venous catheter-related bloodstream infections (CLABSIs). A random-effects meta-regression model was constructed. Results. Of 1,906 references found, we retrieved 38 documents, of which 33 provided meta-analyzable data (N = 567,826 patients). ACD identified HAI incidence with high specificity (≥93 percent), prosthetic SSIs with high sensitivity (95 percent), and both CDIs and nonprosthetic SSIs with moderate sensitivity (65 percent). ACD exhibited substantial agreement with traditional surveillance methods for CDI (j = 0.70) and provided strong diagnostic odds ratios (DORs) for the identification of CDIs (DOR = 772.07) and SSIs (DOR = 78.20). ACD performance in identifying nosocomial pneumonia depended on the ICD coding system (DOR ICD-10/ICD-9-CM = 0.05; p = .036). Algorithmic coding improved ACD's sensitivity for SSIs up to 22 percent. Overall, high heterogeneity was observed, without significant publication bias. Conclusions. Administrative coded data may not be sufficiently accurate or reliable for the majority of HAIs. Still, subgrouping and algorithmic coding as tools for improving ACD validity deserve further investigation, specifically for prosthetic SSIs. Analyzing a potential lower discriminative ability of ICD-10 coding system is also a pending issue.
(CDC's) National Nosocomial Infection Surveillance system (now the National Healthcare Safety Network or NHSN; CDC's National Healthcare Safety Network [NHSN], 2016) . Still, although the NHSN disposes outlined criteria for identifying HAIs, both the methods and the data sources used for surveillance vary substantially among institutions. Additionally, conventional surveillance requires time-intensive medical record review by trained infection preventionists and is subject to interobserver variability (Klompas and Yokoe 2009) . Electronic health data systems have been proposed as an automated alternative to improve the efficiency and accuracy of the surveillance process. Specifically, there is a growing interest in the evaluation of administrative coded data (ACD) as a tool for diagnosing HAIs ( Jhung and Banerjee 2009) . ACD were designed to be gathered from hospital discharge data (HDD) and are internationally recognized as they were created with the standardized coding format of the International Classification of Diseases (ICD). Notwithstanding, the precision and accuracy of ACD are affected by the subjectivity of the coding process and the variability of distinct coding versions ( Jhung and Banerjee 2009; Moher et al. 2009; Schmiedeskamp et al. 2009; Cevasco et al. 2011) .
The validity of ACD in estimating certain HAIs has been assessed in two previous systematic reviews conducted until March 2013 (Goto et al. 2014; Van Mourik et al. 2015) . Nevertheless, the degree of agreement with respect to traditional surveillance remains unknown, and disparities in the accuracy of ACD in identifying subgroups of HAIs deserve further analysis, with special attention to the independent attributable influence of factors such as the reference standard used, the methodological quality of the study, coding formats and systems employed, and the country in which the study was conducted. An estimate of the heterogeneity found in this type of research must also be made. According to Booth et al. (Booth, Sutton, and Papaioannou 2012) , a systematic review should be enhanced under the coverage of the following criteria: more participants than all previously included studies combined or larger than the previous; stimulation of both uptake and research by policy initiatives; a time gap for volatile topic areas since completion of the previous review; and appearance of new conceptual thinking/theory to supply an alternative framework.
By meeting the criteria set by Booth et al., the aim of this study was to conduct an updated systematic review with meta-analysis and meta-regression analysis on both the validity and reliability of ACD in identifying HAIs, with a particular emphasis on the subgroup analysis.
independently gave each eligible study a rating of high, low, or unclear risk of bias. Studies were considered to have a low risk of bias if each of the bias items (patient selection, index test, reference test, flow, and timing) could be categorized as low risk; studies were classified as having a high risk of bias if even one of these items was valued as "unclear" or "high risk."
Data Extraction
Four researchers (OR-G, AA, JMT, and AJL) independently extracted the following data from each eligible study using a standardized data extraction sheet: last name of the first author; publication year; sample size; type of study population (child vs. adult); type of nosocomial infection; specific ICD-9 or ICD-10 codes; identified reference standard (CDC criteria vs. Other standardized criteria); number of true positives, true negatives, false positives, and false negatives; methodological design; study period; and all items for quality assessment, whenever possible. After cross-checking the results, discrepancies between reviewers were resolved through discussion. The authors were contacted by e-mail when additional information was needed.
The reviewers OR-G and JMT reorganized the extracted data by HAI type and made subgroups for SSIs (prosthetic vs. nonprosthetic SSIs) and nosocomial pneumonia (ventilator-associated pneumonia/event [VAP/VAE] vs. nosocomial pneumonias not caused by a ventilator [Non-VAP/VAE]). Recognizing the recent transition of criteria in NHSN surveillance, we reviewed VAE studies in addition to VAP ones, though only considering VAP in VAE criteria.
Statistical Analysis
The standard methods recommended for the diagnostic accuracy of meta-analyses were used ( Jones et al. 2010) . The following measures of test accuracy and concordance were calculated: pooled sensitivity, specificity, positive likelihood ratio (LHR), negative LHR, diagnostic odds ratio (DOR), and j coefficients (reliability) of all included studies, including 95 percent confidence intervals (CI). Sensitivity, specificity, and j values were meta-analyzed by HAI type, as long as data on a specific HAI type were provided by at least three different studies. The threshold effect is caused by differences of sensitivity and specificity. To detect cutoff threshold effects, the relationship between sensitivity and specificity was evaluated for all meta-analyzable studies by the Spearman correlation coefficient.
Heterogeneity between studies was assessed by means of the chisquare test (Cochran Q statistic) and quantified with the I 2 statistic. The various heterogeneity levels were as follows: 25-49 percent (low), 50-74 percent (moderate), and ≥75 percent (high; Higgins et al. 2003) . When a significant Q test indicated heterogeneity among studies (p < .05 or I 2 > 50 percent), the random-effect model (Der Simonian-Laird method)
was conducted for the meta-analysis to calculate the pooled sensitivity, specificity, and other related indexes. Funnel plots were designed to check for the existence of publication bias in articles on the sensitivity and specificity of ACD in identifying HAIs; we also used the Begg and Mazumdar correlation rank test (Begg and Mazumdar 1994) and the Egger (Egger et al. 1997 ) and Harbord tests (Harbord, Egger, and Sterne 2006) to further assess publication bias. We estimated the discriminative capacity of ACDs to identify each type of meta-analyzable HAI by simultaneously considering the methodological quality (low vs. high risk of bias), the country where the study was conducted (USA vs. Non-USA), the type of ICD coding system used (ICD-10 vs. ICD-9-CM), the coding format employed (algorithmic coding vs. a single code), the reference standard (CDC vs. other standardized criteria), and the consideration or not by the different studies of the absence of the "Present on admission" (POA) code. To this end, a random-effects meta-regression model was constructed with the DOR as a measure of global discriminative capacity of ACD, since DOR represents the ratio of positive and negative likelihood ratios.
All statistical analyses were carried out with StatsDirect statistical software version 2.7.9 (StatsDirect Ltd, Cheshire, UK) and the freeware software MetaDiSc 1.4 for Windows (XI Cochrane Colloquium, Barcelona, Spain; Zamora et al. 2006) . In every test, a two-sided p-value of <.05 was considered statistically significant.
RESULTS
Our search strategy yielded 1,906 documents; 1,790 references were excluded after examining the title and abstract because they did not fulfill the inclusion criteria. The full texts of the remaining 116 documents were retrieved for detailed evaluation; of these, 83 were excluded either because they did not fully meet the inclusion criteria or they met at least one of the exclusion criteria. Five additional references were found after tracking the reference lists of Identification of Hospital-Acquired Infections from Coded Datathe reviewed literature; these were added to the selected documents. In the end, 38 documents were included in our systematic review ( Figure 1 ). As the number of HAI types assessed in each individual document ranged from one to five, the 38 papers accounted for a total of 53 "HAI-related included studies." Meta-analyzable results were provided by 33 of the 38 selected documents, overall providing data from 45 source evaluations across different HAIs that were then included in quantitative summaries (Table 1 ; Landis and Koch 1977; Hirschhorn, Currier, and Platt 1993; Baker et al. 1995; Hebden 2000; Cadwallader et al. 2001; Romano, Schembri, and Rainwater 2002; Curtis et al. 2004; Dubberke et al. 2006; Scheurer et al. 2007; Azaouagh and Stausberg 2008; Stausberg and Azaouagh 2008; Stevenson et al. 2008; Chang et al. 2008; Bolon et al. 2009; Schmiedeskamp et al. 2009; Zhan et al. 2009; Olsen and Fraser 2010; Schaefer et al. 2010; Verelst et al. 2010; Gerbier et al. 2011; Hollenbeak et al. 2011; Inacio et al. 2011; Schweizer et al. 2011; Shaklee et al. 2011; Chan et al. 2011; Gerbier-Colomban et al. 2012; Jones et al. 2012; Welker and Bertumen 2012; Yokoe et al. 2012; Calderwood et al. 2012; Knepper et al. 2013; Patrick et al. 2013; Van Mourik et al. 2013; Cass et al. 2013; Gardner et al. 2014; Grammatico-Guillon et al. 2014; Lecl ere et al. 2014; Redondo-Gonz alez 2015; Pakyz et al. 2015) . Inter-reviewer reliability for data extraction ranged from 0.64 to 0.78, indicating substantial agreement on the manuscripts selected for full reading.
The main characteristics of all the included studies, along with the validity and reliability estimators classified by HAI type, are summarized in Table 1 . Overall, the 38 documents retrieved provided data from 1,071,935 reported cases of any kind of HAI, with study populations ranging from 130 to 466,819 subjects. When only meta-analyzable studies were considered, data from 567,826 patients (with study sizes ranging from 130 to 317,033 subjects) were retrieved. Table S1 shows contingency tables with the raw data of the included studies.
The pooled sensitivity and specificity of all the included studies were 0.46 (95 percent CI = 0.46-0.47; I 2 = 98.7) and 0.99 (95 percent CI = 0.99-0.99; I 2 = 99.8 percent), respectively ( Figure S1 , Table 2 ). The pooled sensitivity and specificity of the meta-analyzable studies were 0.65 (95 percent CI = 0.64-0.67; I 2 = 97.4 percent) and 0.98 (95 percent CI = 0.98-0.98; I 2 = 99.8 percent), respectively ( Figure S2 , Table 2 ). The pooled j coefficients for all studies included were 0.35 (95 percent CI = 0.35-0.35; I 2 = 99.9 percent) and for meta-analyzable studies was 0.34 (95 percent CI = 0.33-0.34; I 2 = 99.8 percent; Table 2 ). The correlation found for all Identification of Hospital-Acquired Infections from Coded Data meta-analyzable studies was weak (Spearman correlation coefficient = À0.241; p = .111). The pooled likelihood ratios and overall DOR are summarized in Table 2 . An analysis of the validity and reliability of each type of HAI is detailed below, along with their corresponding LHRs and DORs. Table S2 gives the list of the managed codes and reference standard type used in every study included.
Surgical Site Infections
Overall, 19 documents evaluating 22 SSIs (N = 73,801 patients) were analyzed. The number of diagnostic codes used varied greatly between studies, ranging from 1 to 104, with only four studies employing ICD-10 codes. One study assessed the single diagnostic code 996.62 ("Infectious and inflammatory reaction due to devices, implants and vascular grafts"; Yokoe et al. 2012) and three studies assessed the single diagnostic code 998. respectively (p < .0001). Nevertheless, no significant differences were found for the pooled specificities or pooled j coefficients of these subgroups (p = .746, and p = .738; respectively; Table 2 , Figures 2 and 3a) .
Clostridium Difficile Infection
Eight documents evaluating CDIs (N = 400,768 patients) were analyzed. A single diagnostic code, either ICD-9-CM 008.45 (N = 7) or ICD-10 A04.7 (N = 1), was applied in all of them. The pooled sensitivity, specificity, and j coefficient values of these studies were 0.65 (95 percent CI = 0.63-0.67), 1.00 (95 percent CI = 1.00-1.00), and 0.70 (95 percent CI = 0.69-0.70), respectively (Table 2 The subgroup analysis included four documents evaluating non-VAP/ VAE (N = 25,976 patients) and three documents assessing VAP/VAE (N = 7,060 patients). No significant differences were observed between the pooled sensitivity, pooled specificity, and pooled j coefficient of non-VAP/ VAE cases with respect to VAP/VAE: p = .393; p = .186, and p = .082, respectively (Table 2, Figures 2 and 3b) . Figures 2 and 3b ).
Catheter-Associated Urinary Tract Infections

Central Line-Associated Bloodstream Infections
Three documents evaluating CLABSIs (N = 33,280 patients) were analyzed. No study used specific code for CLABSI (999.32), which was introduced to ICD-9-CM in October 2011. One study applied a procedure code (38.93) with whatever bloodstream infection code (Stevenson et al. 2008 ). The pooled sensitivity, specificity, and j coefficient of these studies were 0.46 ( Table 3 summarizes the overall study quality as assessed with the aid of the QUADAS-2 checklist. Thirty-four papers were retrospective cohort studies, fifteen were cross-sectional, two were retrospective, one was a nested casecontrol, and another was a case-control study. Most of the studies were categorized as low quality due to their risk of bias as well as applicability concerns.
Quality Assessment
Meta-Regression Analysis
Finally, both an overall analysis and analysis of subgroups categorized according to methodological quality, country of origin, type of ICD coding system, coding format, type of reference standard used, and the consideration or not of a negative POA code were carried out. No differences in the discriminative ability of ACD for the different types of HAIs were observed with regard to methodological quality, country of origin, coding format, type of reference standard used, or POA code. As for the coding system employed, studies using ICD-10 showed a significantly lower discriminative ability of ACD in identifying nosocomial pneumonias compared with studies that used ICD-9 (DOR ICD-10/ICD-9-CM = 0.05; 95 percent CI = 0.00-0.62; p = .0364).
Identification of Hospital-Acquired Infections from Coded Data
Publication Bias
The funnel plots for sensitivity, specificity, and DOR by HAI group revealed no obvious asymmetry ( Figures S3 and S4 ). The Begg-Mazumdar, Egger, and Harbord tests likewise indicated no evidence of publication bias (p > .05 in all three cases).
DISCUSSION
The present systematic review and meta-analysis of 33 diagnostic studies comprising 567,890 patients found that ACD identifies any given HAI with high specificity (≥0.93) and prosthetic SSIs with high sensitivity (95 percent CI = 0.93-0.96). In contrast, both CDI and nonprosthetic SSIs were detected with the same moderate sensitivity (95 percent CI = 0.63-0.67 and 0.62-0.67), while nosocomial pneumonia, CAUTI, and CLABSI were detected with low sensitivity (<0.60). According to Landis and Koch criteria (Landis and Koch 1977) , ACD-based surveillance showed a substantial agreement with traditional surveillance for CDI (j > 0.60); a discreet concordance for SSI, nosocomial pneumonia, and CLABSI (js = 0.21-0.40); and an insignificant agreement for CAUTI (j < 0.21). The Spearman correlation coefficient of sensitivity and 1-specificity was weak and not significant, suggesting the absence of threshold effect; in which case separate pooling of sensitivity and specificity is promoted, as we did (Reitsma et al. 2005 ). This assertion is reinforce by Simel and Bossuyt (2009) , who suggest univariate meta-analysis for studies showing "good" likelihood ratios like ours. Better than predictive values, we evaluated the yield of LHR and DOR (positive LHR/negative LHR) results to assess ACD-based surveillance in each type of HAI. As pointed out by Glas et al., the DOR is closely linked to existing indicators of diagnostic performance, it facilitates formal meta-analysis of studies on diagnostic test performance, and it is derived from logistic models, which allow for the inclusion of additional variables to correct for heterogeneity. DOR combines the strengths of sensitivity and specificity, as prevalence independent indicators, with the advantage of accuracy as a single indicator, characteristics that are also highly convenient in systematic reviews and meta-analyses (Glas et al. 2003) . Anyway, raw data of all included studies for estimating any indicator of diagnostic performance are available in Table S1 . In our study, ACD provided strong diagnostic evidence for identifying SSIs ) and CDIs (DOR 15.39-56.03), moderate-tostrong evidence for nosocomial pneumonias ) and CAUTIs , and poor evidence in the case of CLABSIs ). In the subgroup analyses, ACD performance in identifying nosocomial pneumonia was found to be significantly worse when ICD-10 codes were used. Moreover, CDC criteria seemed to be a stricter reference for checking ACD performance in identifying SSIs compared to other standardized criteria, but still fell just short of significance (p = .0728). With respect to the coding format, while Goto affirmed that ACD employing algorithmic coding can only serve as a supplemental surveillance component, van Mourik went further, highlighting the need of improvement and validation for existing algorithms identifying HAIs (Goto et al. 2014; Van Mourik et al. 2015) . We did also find significant improvements in the accuracy of retrospective surveillance of HAIs associated with certain processes (SSIs or CLABSIs) when assessing algorithmic coding with respect to single codes. Although the performance of a single code in the case of SSIs did not differ from that of algorithmic coding (p = .0728), significant differences were found between sensitivities (p < .0001). In fact, the improvements in sensitivity and specificity for SSIs when using algorithmic coding reached a relevance of 22 and 4 percent, respectively. This observation would not be valid for CDI, as its diagnosis depends on a single code.
Although ACD from hospital discharge records were originally conceived as management tools, they now constitute a hopeful way to optimize surveillance, albeit not exempt from drawbacks. Previous comparisons of the accuracy of ACD with that of NNIS/NHSN methodology as the reference standard have yielded a wide range of results, depending on the infections identified and the codes used to indicate them. An overall sensitivity of 61 percent and a PPVof only 20 percent have been described (Sherman et al. 2006) , with the lowest values being reported for CLABSI (Stone et al. 2007 ). Compared to traditional prospective surveillance, inconsistent documentation of an infection or the status of such infection upon admission may introduce additional inaccuracy. But even prospective surveillance is not error-free; indeed, it may miss genuine infections. In some cases, patients may develop an infection and be discharged in the period between surveillance visits, as infection control preventionists are not able to visit every patient on a daily basis. In general, the published literature reports an overestimation or falsepositive misclassification of HAIs with retrospective electronic surveillance as compared with prospective manual surveillance (Klompas and Yokoe 2009; Moher et al. 2009 ). Specifically, ACD has been proved to detect less than one-fifth of all HAI types, even though some studies assert that more than three-fourths of the cases labeled as HAIs by ACD were most likely false positives ( Julian et al. 2006; Stevenson et al. 2008; Drees et al. 2010; Stamm and Bettacchi 2012) . It is well known that 30 percent of the false positives produced by retrospective surveillance are actually cases that have been coded incorrectly (Cevasco et al. 2011) .The two previous systematic reviews carried out prior to ours revealed an overall high specificity, but moderate-to-low sensitivity in identifying HAIs (Goto et al. 2014; Van Mourik et al. 2015) . Similarly, our research has estimated a maximum 2 percent probability of ACD identifying a false HAI, but a maximum 36 percent probability for failing to diagnose a true HAI. As for SSIs, antimicrobial and/or diagnosis code-based screening criteria have been demonstrated to be more sensitive than routine surveillance, detecting many cases missed by this method .
A relevant drawback of codes in identifying HAIs is that they are assigned independently from the moment at which the infectious event begins; it is thus hard to ascertain whether the infection was already present at the time of admission or whether it developed over the course of hospitalization (Schmiedeskamp et al. 2009 ). In this regard, the introduction of a "Present on admission" (POA) flag has seemed to generate a better predictive ability (Bahl et al. 2008) . However, both overall and making subgroups in the specific case of CDI and CAUTIs according to POA code (Table S2) , we have not found differences between studies considering a negative POA code versus those not considering such code (p = .1 for CAUTIs and p = .615 for CDIs). Anyway, coding itself is slow and labor intensive, with expected ascertainment bias, as the results of automated ACD are influenced by local coding practices.
Just as Goto and van Mourik had pointed out, the moderate-to-low sensitivity we observed for all HAIs reinforces the hypothesis that ACD-based surveillance methods miss a relevant number of HAIs (Goto et al. 2014; Van Mourik et al. 2015) . However, we have now found an exception for ACD displaying a high sensitivity in identifying prosthetic implants in SSIs. Generally, Identification of Hospital-Acquired Infections from Coded Dataimprovements in accuracy were noted when a specific device or technique was involved in HAIs associated with procedures. In fact, Van Mourik et al. (2015) had already concluded that the identification of device-associated infections by ACD is the most challenging finding. In this line, our results revealed a 35 percent probability that ACD would not identify a true, nonprosthetic SSI, but only a 5 percent probability that ACD would fail to diagnose a prosthetic SSI. There is, however, a probable reason why differences in the accuracy of ACD-aided diagnosis of VAP/VAE compared to that of non-VAP/ VAE did not reach statistical significance, namely the scant number of published studies dealing with nosocomial pneumonias. Further research is necessary to clarify this point.
With respect to other non-meta-analyzable infections, it is remarkable the substantial improvement in accuracy and concordance of the V09 code ("Infection by drug-resistant microorganisms") for MRSA diagnosis when it is combined with Staphilococcus aureus infection codes, reaching a maximum sensitivity of 64 percent and a j index about 0.72 (Table 1) . Such values are similar to those of both nosocomial rotavirus acute gastroenteritis and CDI summarized above, suggesting a probable good accuracy of ACD in identifying specific nosocomial pathogens.
The transition from ICD-9-CM to ICD-10 has recently arisen as a matter of concern for global health care systems. Despite ICD-10 providing a more detailed description of clinical situations, researchers have not identified significant improvements in the quality of ICD-10 data over that of ICD-9-CM (Quan et al. 2008; Topaz, Shafran-Topaz, and Bowles 2013) . In this context, Quan et al. (2008) found that the validity of ICD-9-CM and ICD-10 data in recording 32 clinical conditions was generally similar, although the validity differed between coding versions for some events, none of which were an infectious condition. Similarly, we found no differences in the ability of ICD-9-CM and ICD-10 data to record HAIs, except for nosocomial pneumonias. Otherwise, while non-meta-analyzable analyzed studies employing the ICD-10 system display a sensibility under 0.60, those managing the ICD-9-CM system globally exceed 60 percent sensitivity. It is important to note, however, that while the existing evidence is limited, it is expected that the validity and generalizability of ICD-10 data will improve as coders gain experience with this new system. One of the key questions when we consider CDI diagnosis is the choice of microbiologic diagnosis methods, which can greatly affect the reference standard. In this sense, we extracted all diagnostic methods used for CDI studies. No PCR was used for diagnosing C. difficile in any case, which might have increased the prevalence of positive result greatly, making sensitivity of ACD decrease. However, we tested a stratified analysis of documents referring to EIA methods versus culture tests with or without other combinations; and no statistical differences were found (p = .910); thus, we decided not to show these data disaggregated. The main disadvantage of detecting toxins by EIA methods is their relative lack of sensitivity with values that are in the range of 40-60 percent when compared to toxigenic culture, which has high sensitivity (Alcal a Hern andez et al. 2015) . But remarkably, the lowest sensitivity and j coefficient (0.49; 95 percent CI 0.45-0.53) are for Jones G. 2012, which has a double combination of culture-based microbiologic techniques.
This study has several limitations. To begin with, coding inaccuracies are an important element that in and of themselves limit the value of ACD, as pointed out above. Furthermore, ACD cannot unequivocally determine the hospital-acquired condition of an infection, although it would seem logical that infections coded as a secondary diagnosis are most likely nosocomial (Iezzoni 2013) . Even the onset of a HAI cannot be specifically clarified, as ICD codes can be assigned at any time during hospitalization. As mentioned before, HAIs can be present at the time of admission or can develop after an antimicrobial treatment or during hospitalization. Apart from that, definitions from the CDC's guidelines can vary and are used differently across countries, hospitals, and clinicians. It has been suggested that there are areas of residual subjectivity in discerning and applying the standard infection criteria from the NHSN definitions (Hebden 2012) . Both previous systematic reviews conducted by Van Mourik and by Goto on the accuracy of ACD found that about 79 percent of the selected studies accomplishing the included criteria were from the United States Subgroups limited to U.S. studies for SSI and CDI in the Goto study showed that pooled sensitivity increased with minimal decrease on pooled specificity (Goto et al. 2014) . We hypothesize that this finding might be due to the fact that surveillance practices tend to be more aggressive in countries with a health care system having more important implications in pay-for-performance. To all of that must be added that ICD codes are not specific enough to differentiate between the CDC definitions of laboratory-confirmed HAIs (Schmiedeskamp et al. 2009 ). Finally, all studies rely on the completeness and accuracy of their own chart review process where subjectivity is itself implicit. In this sense, traditional surveillance also has its limitations, as previously discussed. A consequence of all this variability due to the diversity of criteria or the coding processes, among others, is the heterogeneity in all estimates of validity and reliability (all I 2 ≥ 95.4), with the exception of the pooled sensitivity of nosocomial pneumonias (I 2 = 64.9 percent). The main strength of our study is that it is the first one to simultaneously evaluate the accuracy and reliability of ACD in identifying HAIs; specifically, it is the first to explore subgroups of the same type of HAI and to adjust the findings by the type of ICD coding system, coding format, or reference standard criteria used. Additionally, we found no evidence of publication bias, neither graphically nor statistically, which strengthens the pooled quality of our results. Following the criteria of Booth et al. (Booth, Sutton, and Papaioannou 2012) , we have appraised and reanalyzed both existing studies evaluated in two previous systematic reviews (Goto et al. 2014; Van Mourik et al. 2015) and the new covering 2 years after, through a thorough research that includes more participants than all previously included studies combined. We have contributed not only to formal, but also to methodological and statistical assessment of both heterogeneity and publication bias. New and different from the two previous reviews, this research received a protocol registration in Prospero, had no limits to language, and the search covered a more updated period of time until March 31, 2015 (Goto and van Mourik's studies accomplished their search until March 2013). Due to the complexity of the review process and unlike the other two, in our review we involved four reviewers who conducted a peer review, all of them with extensive experience and vast publications on systematic reviews and meta-analysis. Also new with our research, two epidemiologists checked independently the preliminary selection in a subsequent two-step review just to reinforce the quality of the search. In addition, we have conducted supplementary analysis looking at specific subgroups and certain study characteristics. We have also provided supplementary qualitative and quantitative material to enhance the interpretation of the review. He have unpicked, isolated, and proposed subgroups of HAIs as prosthetic SSIs for their potential implementation. We have enhanced the scope and extent of qualitative discussions of review limitations, implications for practice, and implications for further research; and also, we have re-examined the applicability of findings.
As requirements for continuous HAI reporting expand in scope and become more widely needed for hospital comparisons and reimbursement purposes, the labor-intensive nature of manual review by trained preventionists becomes an increasing problem. In the last two decades, automated ACD surveillance has been brought to the fore as a way to improve objectivity more rapidly and efficiently. However, we have provided evidence that ACD only displays discrete to poor reliability with manual surveillance in identifying HAIs, except a good ability for CDI. Our findings reinforce the assessment that ACD are not sufficiently accurate for the surveillance of the majority of HAIs; furthermore, the high sensitivity found in the case of prosthetic SSIs arises as an encouraging result that deserves further evaluation. Its validation might contribute to enhance surveillance of the prosthetic joint infection, one of the leading causes of arthroplasty failure. Our results also suggest that subgrouping of HAIs and improving algorithmic coding might further optimize the ACD validity in identifying HAIs, specifically and again in the case of SSIs. Finally, albeit we have found no overall differences between ICD-9-CM and ICD-10 in recording HAIs, the potential lower discriminative ability of ICD-10 system remains an issue, especially for nosocomial pneumonias and other HAIs that could not be meta-analyzed.
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